Abstract: In the European Union and Hungary more than one-third of the total energy
Introduction
A current issue in the estimation and calculation of household energy consumption, is the lack of correct data and unified databases. Information about consumers, as well as, the information and databases related to technical solutions are virtually absent, or unavailable in a standardized form and, therefore, useless for comparative analysis. In the United States, under the management of the National Renewable Energy Laboratory (NREL), a unified database in both software and manual on-demand format was created that contains data of various building materials; it provides the necessary information for the proper functioning of the energy simulation programs. The purpose for creating such a database is for use as a unified national repository, during the energy efficient renovation of residential buildings. It provides an appropriate basis for the costbenefit analysis of investments.
During the planning of such investments, knowledge of environmental factors and the technical parameters of building materials are not sufficient to determine the energy consumption of households. In our opinion, a knowledge of the consumer and their consumption behavior is at least as important, if not more important, than the technical parameters. Thus, in order to calculate the expected energy consumption, it is important to create a database based on real consumer data and an inference system built upon it. In this article we attempt to provide a solution to eliminate the above mentioned information deficit related to consumers and to utilize this information captured. It is important to clarify that in our research the energy consumption of a household is understood as the total energy consumed. Therefore, we do not make such exceptions in the calculation that exist in regulation 7/2006 TNM, commonly used in Hungary, according to which, in the case of residential buildings, the energy demands of lighting does not need to be included in the calculation of the energy performance of the building, even though it may also be a significant part of a household's energy demand.
It must be noted that to manage the problem outlined above, with a single model, applicable world-wide, is only possible in a theoretical sense, because the factors that significantly impact energy consumption will vary across different geographic and social regions. Therefore, this article looks for a solution considering only Hungarian conditions. As the method is elaborated, it will be clear that the algorithm can be used in other countries or regions by simply gathering the appropriate data concerning the characteristic features for that area and society.
The Structure of Household Energy Consumption
According to our research, in order to ensure the effectiveness of investments in energy efficiency it is essential to know the structure of household energy consumption, since this is the way to identify the areas of energy saving potential and to achieve the desired decrease in consumption. Most of the households in Hungary generally use primary (e.g. gas, wood) and secondary (e.g. electricity) energy sources. In extreme cases, the use of only one kind of energy source is possible; however, it is relatively rare in Hungary due to the widespread distribution of the natural gas service. The energy of the primary and secondary energy sources can be divided into three categories according to their use [2] : -Energy consumption for heating, cooling and ventilation systems which help to ensure adequate air comfort in living spaces;
-Energy required for the production of domestic hot water;
-Energy required to operate household electrical appliances (e.g. fridge, stove) and lighting.
The above listed factors are obviously not completely independent from each other, since the lighting or any household electrical appliance can certainly produce some degree of heat energy, which may thus influence the energy needs of heating and cooling systems [2] . Thus, the areas with potential for energy savings can be grouped according to the previous list, which can be even further detailed by breaking it down to the energy sources used.
According to G. Swan et al. [2] , the energy demand for heating and cooling basically depends on climatic conditions and the technical characteristics of the building, while the second two groups of the list are linked to consumer behavior, the household appliances, the demographic conditions and the number of the household residents. Based on these considerations, he finds the methods for determining the energy needs for indoor comfort based on engineering calculations sufficient; but he recommends statistical methods to determine the energy needs for hot water, household appliances and lighting. However, in contrast with the positions of the studies of G. Swan et al. [2] , we believe we can benefit from statistics when considering all three factors. Our reasons are detailed herein.
Looking at households and energy consumption, the uncertainties of consumer behavior are present at virtually all levels, since it does not matter how effective the heating system of a house is if the residents have unrealistic expectations about achievable air comfort in the interior space or they improperly use the systems that are designed for major energy savings. Thinking through the above-mentioned example and similar cases, it is easy to see the importance of the uncertainties that derive from consumer behavior regarding the heating and cooling energy demand and that, according to our knowledge, can be solved by using statistical methods.
In regard to domestic hot water, we agree with the author of the study [2] . As regards household appliances and lighting, it is important to mention that these are an extremely important part of this research, since according to current practice in Hungary, this factor is not taken into consideration at all during the examination of household energy consumption. This importance is confirmed by a 2012 European Union report [3] that established that the achievable saving in this area is 12% of the total achievable potential savings in the residential sector. Since in our study we consider the total energy consumed by households, this factor is also part of the calculation model established.
Selection of the Proper Method
It seems to be obvious that some sort of IT-based solution is necessary to address the problems of the information gap that emerged during our research. According to research from international sources, multiple models and multiple methods can be used to estimate the energy consumption of a consumer unit (in this case a household). The basic properties of the different models are summarized in the following table based on Zhao and Magoulès [4] . Currently the most common method in Hungary for determining the energy consumption of buildings is calculation according to regulation 7 / 2006th TNM, which, with a little exaggeration, corresponds to the simplified simulation method detailed in Table 1 above. The calculation can be done relatively quickly, even in the case of limited data availability. However, given the results and limited accuracy, we believe there is a need to develop other methods. The greatest drawback with the method required by Hungarian law is that the calculation only considers the technical parameters, and thus fully excludes the impact of consumer behavior on energy consumption. If we consider the findings of the above section, examining the structure of household energy consumption, the consumers have an impact at least as important as the technical factors.
The full and detailed simulation models are also widely used methods. However, due to the time and expense of their use, they are only utilized for research and projects with considerable financial support. Their computational demand is very high, and therefore the running speed is too slow, so their use is not practical in the case of a large information demand. Artificial neural network-based (ANN) techniques are widely used in various calculations of energy consumption and for the approximation of energy consumption functions. Despite the fact that we are talking about a relatively complex model, thanks to today's IT systems with high processing speeds, it is possible to use IT solutions for solving the problems we have highlighted after forming the appropriate database and modeling. The SVM (support vector machine) model, like the artificial neural network based models, relies on a statistical information-based database, but the computational complexity and speed are also a problem in the large-scale application of the system.
After considering the various computation methods, our choice for the estimation of household energy consumption based on non-technical factors is an artificial neural network based inference system, the support for which is confirmed by Aydinalp-Koksal and Ugursal [5] , according to whom, such models are suitable for considering technical parameters, as well as, social and economic conditions.
Determination of Energy Consumption Affecting Factors
The first step in building the necessary database for operating an artificial neural network based inference system is to identify the non-technical factors that affect household consumption. Research was carried out on the relevant international and national literature, and it was determined that Aydinalp et al. [6] best outline the factors affecting a household's energy consumption, beyond the technical parameters. These factors are as follows: The factors specified in the list above are the backbone of the database and the research, according to which data collection should be performed, either to the desired geographical area or even to the whole country. Of course it is also necessary to include in the model the total energy consumption of the household, to which the items of the above list are contributing factors. In case we do not want to use our system to determine the overall energy consumption, it is possible, for example, to group by energy sources or even by energy consumption purposes, as needed to solve the given task. The resulting database, with the adequate amount of sample data, provides the basic data for the operation of the neural network based inference system.
Data Source
To develop the database needed for the proper operation of the neural network, we basically relied on two sources. The primary source was the 2011 census conducted by the Central Statistical Office (CSO), which needed to be supplemented by a secondary data source, data from a 2011 survey on household consumption, also prepared by the CSO. The census presumably shows a realistic picture of domestic real estate holdings, family statistics, demographic data and other conditions, as participation and response was mandatory for the entire Hungarian population. Consequently, the backbone of the database was created based on the processing of these data, which define seven out of the earlier established nine factors for our work.
The other household consumption survey was unfortunately done on a smaller sample, but since in Hungary no comprehensive and detailed survey on income and consumption data has been done, it is the only source of statistics that includes feasible data for this research. The simultaneous use of two sources of statistics might appear strange, but there are plenty of examples in the international literature, for similar reasons, as we have listed. Also, on the topic of energy consumption, Aydinalp Koksal and Ugursal [5] are developing their own database based on two sets of statistics in an examination of the energy consumption of Canadian households.
Returning to the already mentioned income and consumption statistics, the sometimes lack of detailed information causes some uncertainty in the data accuracy, but this has no effect on the model or on the operation of the developed system, since in the future, a new, accurate, private or institutional survey for data input is possible in order to enhance the size of the database and thus the computational precision of the model. However, regarding the income and consumption conditions, it should be noted that in Hungary the rate of hidden income is measurable, and the presence of a black or gray economy can distort the statistics, as can the illegal purchase of energy. The preparation of a comprehensive energy consumption and income survey that can be combined with a real estate portfolio would be useful but would certainly raise concerns about the preservation of anonymity and data protection.
The Structure and Use of the Database
The process of the development of the database structure can be tracked on the flowchart shown in Fig. 1 . Here we can observe the details for defining the various factors and the relationship between them, which is only needed to prepare the starting, training database necessary for the artificial neural network based inference system. In the future, a representative survey could significantly help to populate the database with real data, and the database could later also be expanded with the results from investments in energy efficiency. Since the preparation of such a survey is beyond both the time frame and financial resources of this current research, at present we rely solely on statistics. The spread of smart metering could help create a useful database, as connecting the consumption data with the household characteristics would supply us with detailed energy consumption data. However, this also raises data protection and legal issues. On the basis of the above-described method, we have created a database of 1,000 samples, a sample size that in our experience satisfies the margin of error requirements in the training of artificial neural networks. In order to train and test the inference system, we need to divide the database into three parts. The largest part, 70%, is used to train the net, while 15% each is designated for checking and testing. Thus, from the database of 1,000 samples, we randomly assign the sample data in the given proportion to the defined groups. The greater the number of samples we have in our database for training, the greater will be the accuracy of the results and the fewer will be the number of errors that we can expect at the preparation of the model. Nevertheless, a database of 1,000 samples provides good accuracy, as we will demonstrate later.
The Neural Network Model
To create the artificial neural network based model, we used the Matlab software package, "Neural Network Toolbox", due to the availability of the devices. With the neural network module creator in the software package, we created a multilayer feed-forward network. The input layer consists of sensory units that are connected to a hidden layer of sigmoid transfer function neurons, which connects to an output layer consisting of linear transfer function neurons. [7] The sigmoid transfer function neurons are required because of the nonlinear nature of the problem; in the case of using linear transfer function neurons, we could also use a single-layer network, although only for linear approximation [7] . The sigmoid function used is defined in the software as follows:
( ) According to our research, this type of neural network model is capable of solving multi-dimensional problems if there are sufficient hidden neurons and a consistent data set. The scheme of the neural network used with 10 neurons in the hidden layer we can see in Fig. 2 . The network is trained with the software according to the Levenberg-Marquardt backpropagation method that is based on the database discussed in the previous paragraph. The training mechanism is shown in Fig. 3 . The number of iterations during the application of the algorithm depends on the degree of the gradient vector, the mean square error, or if these two values are not adequate, on the number of the pre-set maximum cycle number. The Levenberg-Marquardt algorithm can be called into the program with the "trainlm" command, which approximates the weight of the connections of neurons in the network as follows:
[ ] where J is the Jacobian matrix that contains the first derivatives of the network errors by weights, μ is the scalar, I is the identity matrix, and e is the vector of network errors. The model was adjusted in a number of ways, in order to find the ideal number of neurons in the hidden layer. During modeling, this step is primarily required to maintain computational speed within reasonable limits. It should also be kept in mind that a "too complicated" model for a given problem not only decreases the running speed, but it can also significantly degenerate the accuracy of the estimations. Table 2 presents the results after the analysis of three significantly different models, thus supporting our assumptions as to the number of hidden neurons. During model testing the best results were obtained when using 10 hidden neurons, so the same structure is used hereafter. Table 2 The performance of different models according to the number of hidden neurons
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Results
We have created the artificial neural network-based model so that it can be embedded into the Matlab Simulink module. In our case, it is not necessary to create the Simulink model in order to estimate the household consumption because, as Fig. 4 illustrates, the operation requires only one input and one output variable. In further research, the option of embedding is an important aspect, since our neural network inference system can be part of a more comprehensive energy model. Figure 4 The embedded neural network model Table 5 and Fig. 3 illustrate how the system works. We defined fictitious households in the sample database and then ran the inference system according to established criteria. We obtained the values presented in the last column of Table  3 and which we show as a bar chart in Fig. 5 for better visibility. We can see from the sample how the different types of settlements, the highest education level of the head of the household, the number of household members and other factors can influence changes in the annual energy consumption. Let us examine a random example: a household in Budapest in a 25 m 2 apartment, containing one working person with a university degree, and an energy consumption of 10,763 kWh of energy on an annual basis, which is considered realistic. 
